Tumour histological grade has prognostic implications in breast cancer. Tumour features in dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) and T2-weighted (T2W) imaging can provide related and complementary information in the analysis of breast lesions to improve MRI-based histological status prediction in Page 32 of 62 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207.R1 33 breast cancer. A dataset of 167 patients with invasive ductal carcinoma (IDC) was assembled, consisting of 72 low/intermediate-grade and 95 high-grade cases with preoperative DCE-MRI and T2W images. The data cohort was separated into development (n=111) and validation (n=56) cohorts. Each tumour was segmented in the precontrast and the intermediate and last postcontrast DCE-MR images and was mapped to the tumour in the T2W images. Radiomic features, including texture, morphology, and histogram distribution features in the tumour image, were extracted for those image series. Features from the DCE-MR and T2W images were fused by a canonical correlation analysis (CCA)-based method. The support vector machine (SVM) classifiers were trained and tested on the development and validation cohorts, respectively. SVM-based recursive feature elimination (SVM-RFE) was adopted to identify the optimal features for prediction. The areas under the ROC curves (AUCs) for the T2W images and the DCE-MRI series of precontrast, intermediate and last postcontrast images were 0.750±0.047, 0.749±0.047, and 0.788±0.045, respectively, for the development cohort and 0.715±0.068, 0.704±0.073, and 0.744±0.067, respectively, for the validation cohort. After the CCA-based fusion of features from the DCE-MRI series and T2W images, the AUCs increased to 0.751±0.065, 0.803±0.0600 and 794±0.060 in the validation cohort. Moreover, the method of fusing features between DCE-MRI and T2W images using CCA achieved better performance than the concatenation-based feature fusion or classifier fusion methods. Our results demonstrated that anatomical and functional MR images yield complementary information, and feature fusion of radiomic features by matrix transformation to Page 33 of 62 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207.R1 optimize their correlations produced a classifier with improved performance for predicting the histological grade of IDC. Keywords-Ductal breast carcinoma, Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI), T2-weighted imaging, Canonical correlation analysis (CCA)
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INTRODUCTION
Invasive carcinomas are morphologically subdivided according to growth pattern and degree of differentiation by assessing histological type and histological grade, respectively (Rakha et al., 2010) . Studies have demonstrated that tumour grade is an independent prognostic factor in specific subgroups of breast cancer patients, including oestrogen receptor (ER)-positive breast cancer patients who have not received neoadjuvant chemotherapy (Ehinger et al., 2017; Wirapati et al., 2008) and those who have (Ellis et al., 2008) . The histological grade may have different prognostic implications for different histological types (Engstrom et al., 2015) .
Invasive ductal carcinoma (IDC), also known as infiltrating ductal carcinoma, is the most common histological type of breast cancer, accounting for approximately 80% of all breast cancers. Therefore, accurate identification of tumour histological grade in IDC can provide useful guidance for prognosis in this histological type.
Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is an important tool because of its suitability for measuring tumour vascularity and Page 34 of 62 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   Page 3 of 31  AUTHOR SUBMITTED MANUSCRIPT -PMB-109207.R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 35 assessing the effectiveness of novel antiangiogenic and antivascular agents (Li et al., 2015) . Studies have performed DCE-MRI-based radiomic analysis for the prediction of molecular subtypes (Fan et al., 2017a; Li et al., 2016) , gene expression (Wu et al., 2017) and neoadjuvant chemotherapy response in breast cancer patients (Braman et al., 2017; Fan et al., 2017b) . Related studies have shown that DCE-MRI parameters are strongly associated with histological grade in breast cancer Montemurro et al., 2007) . The results from a DCE-MRI study suggest that spiculated tumour margins are correlated with lower histological grade, while rim enhancement is correlated with high histological grade in breast cancer (Chang et al., 2009) . A recent study by Nam et al. found that high peak enhancement was significantly associated with a high T stage, high clinical stage, and high histological grade (Nam et al., 2018) . Although the studies relating DCE-MRI features to histological characteristics showed many encouraging results, their specificities varied.
For the above reasons, researchers have investigated different methods, including the use of T2-weighted (T2W) images along with DCE-MRI images, for identifying associations with tumour characteristics (e.g., diagnosis of breast lesions) (Kuhl et al., 1999) . T2W images can be used to detect oedema, haemorrhage, mucus, and cystic fluid within a lesion, which is valuable for the T2W MRI evaluation of breast lesions and complementary to DCE-MRI examination (Kuhl et al., 1999) . Many research efforts have focused on combinations of T2W MRI and T1-weighted MRI or diffusion-weighted imaging in the analysis of breast lesions (Bhooshan et al., 2011; Westra et al., 2014) to improve breast MRI computer-aided diagnosis (CAD) 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   Page 4 of 31  AUTHOR SUBMITTED MANUSCRIPT -PMB-109207.R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 36 (Gallego-Ortiz and Martel, 2017) and the prediction of sentinel lymph node (SLN) metastasis in breast cancer (Dong et al., 2018) . Combining information from these multiparametric images yields better performance than that of any single image, as verified in various studies (Parekh and Jacobs, 2017; Zhang et al., 2017) . However, whether and how the predictions of the histological grade from DCE-MRI could be improved by integrating T2W and DCE-MRI features remains unclear. Moreover, these combinatory predictions were independently implemented via feature concatenation or by averaging output prediction scores from several different parametric image classifiers and are therefore omitted to assess the correlated information from these images.
We assume that tumour features in anatomical and functional MR images from the same source could represent related and complementary information. As an effective feature fusion technique, canonical correlation analysis (CCA) has been widely applied in many fields, including facial recognition (Wang et al., 2015b) , data regression analysis (Abraham and Merola, 2005) , and neurodegenerative disease identification (Smith et al., 2015; Zhao et al., 2017) . This analysis captures covariations between two datasets that are then mixed into one compound variable.
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MATERIALS AND METHODS

Overview of the Framework
37
In this study, radiomic analysis of DCE-MRI series and T2W images was used to develop a model for predicting histological grade in IDC ( Figure 1 ). Tumours were segmented on DCE-MRI scans and aligned to T2W image scans, and the features, including morphological features, texture features, and histogram distribution of tumour images, were extracted. We assumed that multiparametric images from a tumour area could have certain correlations, and CCA identifies a matrix transformation for optimizing the correlations between features from DCE-MRI and T2W images. Therefore, the DCE-MRI series of the precontrast, intermediate postcontrast and last postcontrast scans was integrated with T2W images, and the following feature fusion methods were included and compared with respect to histological grade prediction in IDC: 1) feature-level fusion by CCA, which takes advantage of the correlations between different parametric images; 2) feature-level fusion via concatenation, which simply concatenates features from different images;
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Data Cohort
This study was approved by the Internal Research Review and Ethical Committee of the First Affiliated Hospital of Zhejiang Chinese Medical University. The need for informed consent was waived due to the retrospective nature of this study. The initial dataset included 207 samples with MRIs and the corresponding clinical information.
We excluded 23 patients who did not have an IDC and 14 patients who did not have T2W image scans. We also removed the data of 3 patients for whom a complete A c c e p t e d M a n u s c r i p t 
MR Protocol
All breast MR examinations were performed with the patient placed in the prone position, using a 3.0-T imager (Siemens Medical Systems, Erlangen, Germany) equipped with a dedicated eight-channel breast array coil. The parameters for T2WI were as follows: repetition time (TR), 4000 ms; echo time (TE), 70 ms; flip angle, 80°;
slice thickness, 4.0 mm; plane resolution, 0.759 × 0.759 mm; parallel imaging factor, Five consecutive contrast-enhanced image series were then obtained with a temporal resolution of 60 s.
Image Processing
For all cases, image segmentation was performed on the third postcontrast image series because this series usually showed the highest enhancement value during image acquisition and, thus, was usually useful for visual inspection. Radiologists who had 20 years of experience first annotated the centre of the suspicious breast tumour.
Using an initial seed from the manually annotated location, a spatial fuzzy C-means (FCM) algorithm automatically segmented a volumetric breast tumour boundary. A Markov random field (MRF)-based approach was subsequently used to refine the initial segmentation, while its parameters were adaptively adjusted using the segmented, contiguous slices (Yang et al., 2014) . The ROI covered the whole tumour and was delineated on both the T2W and DCE-MR images of each slice. Because inaccuracies may exist in the automatic segmentation of the tumours, the Page 40 of 62 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 Page 9 of 31 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 41 segmentation results were manually examined and corrected by the investigators, with corrections made in less than 5% of the cases. The sequential DCE-MR images acquired from MRI scans were registered by the same procedure used in a previous study (Yang et al., 2014) . Additionally, the radiologists aligned the tumour ROI from DCE-MRI to that of T2WI using the rigid registration tool in Statistical Parametric
Mapping 12 (SPM12) (http://www.fil.ion.ucl.ac.uk/spm/software/spm12), which is a common toolbox for image processing, including image registration (Cao et al., 2019) .
Image Feature Extraction
For each tumour, image features, including 10 statistical features, 10 morphological features, and 19 texture features obtained based on 3D analysis from the grey-level co-occurrence matrix (GLCM) and 11 texture features calculated from the grey-level size zone matrix (GLSZM), were extracted from the 3D lesion. A detailed description of the image features is provided in Table 2 . The statistical feature reflects tumour heterogeneity in terms of the distribution of the voxel intensities inside the 3D lesion.
The second-order texture features were calculated using 32 grey levels for both GLCM-and GLSZM-based analysis (Chen et al., 2007; Dong et al., 2018; Haralick et al., 1973) . From the DCE-MR images, the texture features and histogram distribution were calculated from the sequential scans of the precontrast series (S0) and from the difference between the intermediate (third) or last (fifth) postcontrast series and the precontrast series; these differences were called S30 and S50, respectively.
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Pathological Evaluation
The histological grade was identified by independent analysis of full-face sections of the breast specimens by two pathologists with more than 15 years of experience who were blinded to the results of the MRI examinations. The histological type of breast cancer was defined according to the World Health Organization (WHO) classification.
The tumour histological grade was assessed by the Elston-Ellis System (Elston and Ellis, 1991) .
CCA-based Feature Fusion
Mathematically, CCA aims to find a set of basis vector pairs that maximize the we can obtain the fused feature through the following equation:
In our case, the dimensionality of the features is less than the sample size; hence, the within-set covariance matrices and are not singular.
Feature Selection and Classification
In the development cohort, a 10-fold cross validation (CV) strategy was used to perform feature selection and model parameter tuning. A support vector machine with 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 44 the recursive feature elimination (SVM-RFE) algorithm was performed to identify an optimal feature subset with the best discriminative power (Guyon et al., 2002) . The goal of SVM-RFE is to determine a ranking list for all M features based on a backward sequential selection strategy, in which the weight of each feature is obtained and the one with the smallest weight is iteratively eliminated. Therefore, top-ranked features are those that remained through the largest number of iterations. Using the rank order, SVM classifiers were constructed with a varying number of top-ranked features (top 1, 2, 3,…up to M/2). The optimal feature subset is determined when the first N features in the feature list achieve the highest classification performance in terms of AUC value.
A grid search approach was performed in the training process to select the optimal values of two parameters, C (penalty parameter) and σ (kernel parameter of RBF), of the SVM classifier. The optimal values of these two parameters are determined when they yield the largest classification accuracy based on 10-fold CV. The predictive model with the optimal feature sets and the tuned model parameters was built using all of the 111 training samples, and this model was tested on the validation cohort.
Statistical Analysis
The individual and collective performances of the image features were examined by the SVM classifier to assess the area under the receiver operating characteristic (ROC) curve (AUC). Before application of the feature fusion, we removed redundant features with high similarity to reduce the impact of data co-linearity on the classification model. More specifically, the features were removed when the Pearson coefficient Page 44 of 62 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   Page 13 of 31  AUTHOR SUBMITTED MANUSCRIPT -PMB-109207.R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 45 correlations (PCCs) with other features were greater than 0.9. For each of the two features with high similarity, the feature with higher average correlations with the other features was removed. Thereafter, feature fusion was applied between T2W
images and each DCE-MRI series. A corrected p-value less than 0.05 was determined to be statistically significant. All statistical analyses were performed using MATLAB software (2015a MathWorks Inc).
RESULTS
Performance of Individual Imaging Features in Histological Grade
Prediction
The performance of individual features (in terms of AUC) from DCE-MRI and T2W
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Predictive Model Based on DCE-MRI and T2W Images for Training and Testing
The collective performance of the image features obtained from the T2W, S0, S30 and S50 images was assessed, and the predictive models showed AUC values of 0.750, 0.749, 0.788 and 0.769, respectively, for the development cohort (n=111). Among those images, S30 and S50 showed higher performance in terms of AUC values than T2W and S0. The established predictive model using the optimal feature set and tuned model parameters was established using all the samples in the development cohort and was Page 48 of 62 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   Page 17 of 31  AUTHOR SUBMITTED MANUSCRIPT -PMB-109207.R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 49 tested with the validation cohort (n=56). The performance of the predictive models based on the T2W, S0, S30 and S50 images showed AUC values of 0.715, 0.704, 0.744 and 0.716, respectively (Figure 4) . Similar to the results for the development cohort, S30 and S50 showed higher performances than T2W and S0 in terms of AUC values. 
Predictive Models Using Fusion Methods Based on Multiparametric Image
Features Information from DCE-MRI and T2W images was further integrated by feature concatenation, classifier fusion or CCA-based methods for better prediction. As shown in Table 4 , the classifier based on prediction score fusion and concatenation of features from DCE-MRI and T2W images showed slightly better performance than the classifier based on a single image series. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t We compared the effectiveness of CCA-based feature fusion and the other fusion methods (i.e., prediction score fusion and concatenation). As described, the S30-based image series generated a prediction performance with an AUC of 0.788 in the development cohort and 0.744 in the validation cohort. After the fusion of features from S30 and T2W images using CCA, the AUCs increased to 0.822 in the development cohort and 0.803 in the validation cohort. Moreover, the performance of this predictive model was also higher than that based on either the prediction score or concatenation-based methods (Table 4 and Figure 5 ). Regarding the S50 subtraction image, the predictive model generated an AUC of 0.716±0.071, which was improved to an AUC of 0.794 by fusion with the T2WI features using CCA. The method of fusing features between DCE-MRI and T2W images using CCA achieved better performance than the concatenation-based feature fusion and classifier fusion Page 50 of 62 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   Page 19 of 31  AUTHOR SUBMITTED MANUSCRIPT -PMB-109207.R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 51 methods. 
Model Performances Using Image Features in Combined DCE-MRI Series
We also established a predictive model by concatenating features from three images (i.e., S0, S30 and S50). Combined features from S0 and S20 (i.e., S0+S20), S0 and S30 (i.e., S0+S30), S30 and S50 (i.e., S3+S50) and S0, S30, S50 (i.e., S0+S30+S50)
were evaluated for prediction ( Figure 6 and Table 5 ). The predictive model using combined features from S0 and S30 showed higher performance than the other combinations; the AUC value was 0.771 in the development cohort and 0.725 in the validation cohort.
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Optimal Feature Subset Analysis
Based on the features extracted from tumour ROIs on DCE-MRI, an optimal subset was determined by using SVM-RFE. For the S30 image series, the results show that the first four features achieved the highest AUC (Figure 7 ). Among the four features, two were morphological features (i.e., maximum lesion radius, surface area/volume), one was a statistical feature (i.e., minimum) and one was a texture feature (i.e., zone percentage). In the predictive model, the optimal parameters for the SVM classifier were C=0.0625 and σ=2.
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DISCUSSION
In this study, we performed radiomic analysis based on a multiparametric MRI series to predict the histological grade of IDC. Our work represents a preliminary study of radiomic feature fusion analysis using heterogeneous sources of tumour images. Our results demonstrate that compared with analysis based on a single image source, a machine learning model with a feature fusion method that optimizes correlations between features from multiple sources of MRI images obtained from breast tumours has better predictive power for discriminating the histological grade in IDC.
Previous studies performed radiomic analysis to assess the association between histopathological information, including breast cancer subtypes (Grimm, 2016; Mazurowski et al., 2014) and response to neoadjuvant chemotherapy (Braman et al., 2017; Fan et al., 2017b ). An early study found that larger tumour size 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 Page 24 of 31 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 56 is associated with higher grade in breast cancer, which is somewhat consistent with our finding that a higher value of the radius of the sphere or volume feature is correlated with a higher tumour grade (Jeh et al., 2011) . A recent study identified heterogeneity-related texture features based on DCE-MRI for predicting breast cancer proliferation indicators (Fan et al., 2018) . Parekh et al. identified multiparametric tumour images for the discrimination of benign and malignant tumours (Parekh and Jacobs, 2017) . Dong et al. predicted SLN metastasis in breast cancer patients using radiomic features from T2-weighted fat suppression (T2-FS) and diffusion-weighted MRI (DWI) (Dong et al., 2018) . However, these studies did not evaluate the relationship between these types of images and hence did not provide information on whether the combination of these images could improve the prediction accuracy. In this study, we identified DCE-MRI and T2W radiomic features from the same tumour to examine the correlation between heterogeneous sources of tumour images.
We observed that CCA-based feature fusion improved the prediction of the pathological status compared to that obtained from the single image series, the concatenation-based feature fusion method and the decision-level fusion method.
Moreover, CCA could retain as much of the identity information as possible and further reduce the redundant information within the features to obtain a more discriminative set of features (Haghighat et al., 2016) . In our tests, the top-ranking feature in SVM-RFE was the feature with the highest correlation coefficient (r=1) between the paired canonical variables. Therefore, the exploitation of similar and complementary tumour representations by linear transformation of the image features Page 56 of 62 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   Page 25 of 31  AUTHOR SUBMITTED MANUSCRIPT -PMB-109207.R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 57 from different parametric images can be used to identify the most similar pattern that may be useful for the prediction and can overcome the limitations of heterogeneous MRI assessments. Despite the noise in each individual source of tumour examination, our experiments show that the combination of these sources in a feature fusion approach improves the prediction.
In the context of artificial intelligence (AI), convolutional neural network (CNN) methods are capable of learning features from large imaging datasets, which has tremendous potential in radiology applications (Akay and Hess, 2019; Shin et al., 2016) . A recent study compared CNN and radiomics-based methods for the classification of lesions as benign or malignant in multiparametric breast MRI (Truhn et al., 2019) . In this study, the diagnostic performance of CNN was superior to that of radiomic analysis; the performance of CNN was improved by using more training data, whereas that of the radiomic analysis-based method was not improved. CNN methods could enhance the performance of feature fusion by concatenating the deep features in the last hidden layer from different inputs of images, while decision-level fusion is performed by combining the decisions made by each predictor (Xie et al., 2018) . Therefore, further deep feature fusion methods that capture linear/nonlinear correlations between different parametric images could be used to achieve more accurate predictions.
Despite some significant findings, this study has several limitations. For example, the size of the dataset is small, and the robustness of our predictive models needs to be further validated in future studies using a large independent dataset with different Page 57 of 62 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 Page 26 of 31 AUTHOR SUBMITTED MANUSCRIPT -PMB-109207 .R1   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 58 imaging protocols. Furthermore, we used a state-of-the-art feature fusion method to measure the similarity and difference between two types of images with linear transformation of the image features. Thus, additional studies of feature fusion techniques (e.g., deep CNN) with nonlinear transformations are also needed to refine this study. We performed spatial texture analysis of tumour MR images, whereas spatiotemporal DCE-MRI texture analysis should also be conducted to examine the effectiveness (Wang et al., 2015a) (Fave et al., 2017) . In our experiments, tumour ROIs were first segmented by FCM and MRF methods and were further manually corrected by radiologists if needed, although such manual correction may introduce bias caused by user variability. Further reliable, validated image segmentation methods should be conducted and compared to evaluate the robustness of radiomic analysis. Finally, it would be of interest to perform feature fusion using other parametric images, such as DWI, for more accurate prediction (Martincich et al., 2012; Razek et al., 2010) .
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